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Environmental consultancy game 
• MSc Environmental Science 
• OUNL and Utrecht University 
• Analysis, stakeholders, law, science, policy, politics 
• 50 hours study load 
• Student cohort 2008, 2009, 2010, 2011 
• Total students: 118 
 
 
Research questions 
• Can we identify different gaming behaviours? 
• If so, can behaviours be predictors of the final marks (exams)? 
• Can pre-test scores be predictors of final marks?? 
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Why game logging? 
• Conform to the Learning Analytics hype! 
• Debugging, tracing bottlenecks 
• Player-centered game design 
• Personalised learning 
• Adaptive gameplay (challenges and difficulty level) 
• Tailored support for learning 
      (e.g. scaffolding, hints, microfeedback, meta-level feedback) 
 
Progression versus logging 
Progression triggers 
• Static set of 
criteria/checklist 
• Closures/Levels 
• Milestones 
• Score, speed, … 
• Performance-outcome 
oriented (what) 
 
 
Logging 
• Semantics 
• Full history of actions 
• Personal development 
• Process-oriented (what, 
when and how) 
The fallacy of performance1 
Performance attitude 
• Milestones  
• Scores 
• Speed/ time constraints 
• Error and risk reduction 
 
Learning attitude 
• Reflection 
• Repetition 
• Self-evaluation 
• Pauzes 
• Making mistakes 
1Fisher & Ford (1998) 
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Toolkit EMERGO.cc 
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The aggregated log file 
Primary (easy) variables 
• T  Total time spend 
• NL  Number of locations (re-)visited  
• NR  Number of information resources accessed 
• NV  Number of videos accessed 
• NP  Number of pre-test answers given, including improvements 
• SP Pre-test score  
 
and 
 
• SF Final marks assigned by the examiner on the basis of 
submitted reports.  
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Descriptive statistics 
Correlating access rates 
 R2= 0.23 … 0.33 
“Switching behaviour” 
Switching behaviour as a predictor of  
learning efficiency 
• Learning efficiency SF/T 
To be explained by switching behaviours? 
 
We found a significant linear model  
SF/T=0.037 * NV/T + 0.022 *  NL/T 
 
R2=.545 (F(3,114)= 45.6, p<0.001)  
 
• Similar regression model for prediction of total time 
 
R2=0.445 (F(2,115)=46.0, p<0.001) 
 
 
Switching 
behaviour is a 
predictor of 
learning efficiency. 
It explains 54% of 
variance of scores 
per unit time. 
Fast switchers 
study faster 
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Conclusions 
• If we offer freedom of movement, we see behavioural variability 
 
• We observe moderate cross correlations between access rates, 
suggesting  a pattern of: “Switching behaviour”. 
 
• Switching behaviour is found to explain up to 54% of variability 
of scores, and 45% of variability of total time spent 
 
• No result for pre-test scores. 
Next steps in research 
• Investigating other games 
• Develop and validate metrics for: 
     -”freedom of movement” 
    -  behavioural patterns 
• Theoretical foundation which allows for generalisation 
Thank you for your attention! 
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